Background
Human autosomal abnormality is the leading cause of early pregnancy loss, neonatal death, and multiple congenital malformations [1, 2] . Among all the autosomal aneuploidies, Down syndrome (DS), with an incidence of 1 in approximately 800 live births, is most frequently compatible with postnatal survival. It is characterized by mental retardation, hypotonia, short stature, and several dozen other anomalies [3] [4] [5] .
It has been known since 1959 that DS is caused by the triplication of a G group chromosome, now known to be human chromosome 21 [6, 7] . As for all aneuploidies, the phenotype of DS is thought to result from the dosage imbalance of multiple genes. By the 1980s, a primary effect of increased gene products, proportional to gene dosage, was established for dozens of enzymes in studies of various aneuploidies [5] . More recently, microarrays and other high-throughput technologies have allowed the measurement of steady-state RNA levels for thousands of transcripts in human DS cells [8] [9] [10] and in tissues obtained from mouse models of DS [11] [12] [13] [14] [15] . Most of these studies have confirmed a primary gene dosage effect. We previously measured RNA transcript levels in fetal trisomic and euploid cerebrum samples, and in astrocyte cell lines derived from cerebrum [16] . We observed a dramatic, statistically significant increase in the expression of trisomic genes assigned to chromosome 21.
The secondary, downstream consequences of aneuploidy are complex. A major unanswered question is the extent to which secondary changes occur in DS as a consequence of the aneuploid state. On chromosome 21, gene expression may be regulated by dosage compensation or other mechanisms such that only a subset of those genes is expressed at the expected 50% increased levels. For genes assigned to chromosomes other than 21, the effect of trisomy 21 (TS21) could be relatively subtle or massively disruptive. It has been hypothesized that gene expression changes in chromosome 21 are likely to affect the expression of genes on other chromosomes through the modulation of transcription factors, chromatin remodeling proteins, or related molecules [5, 17, 18] . Recent studies in human and in mouse provide conflicting evidence, with some studies suggesting only limited effects of trisomy on the expression of disomic genes, whereas other studies indicate pervasive effects (see Discussion).
In the present study, we assessed five specific hypotheses relating to primary and secondary transcriptional changes in DS. First, which, if any, chromosomes exhibited overall differential expression between TS21 and controls? Our previous study in human tissue [8, 16] suggested the occurrence of dosage-dependent transcription for chromosome 21 genes, but not for genes assigned to other chromosomes. The present report addressed whether this phenomenon applies to multiple tissues in DS.
Second, which, if any, genes assigned to chromosome 21 exhibited differential expression between TS21 and controls? Third, which, if any, genes on chromosomes other than chromosome 21 exhibited differential expression between TS21 and controls? Previous studies by other groups [8, 9, 19, 20] and by us [16] lacked sufficient statistical power to identify significantly regulated genes in DS. The present study identified such genes by using a larger sample size, by combining previous data from cerebrum and astrocytes [16] with gene expression data from additional tissue types (cerebellum and heart), and by using analysis of variance (ANOVA).
Fourth, can we classify tissue samples as TS21 or controls using genes on chromosome 21 or genes on chromosomes other than 21? Classification is a supervised learning technique that provides a powerful statistical approach to address the question whether only chromosome 21 or the entire transcriptome is involved in DS. Fifth, which, if any, functional groups of genes exhibited overall differential expression between TS21 and controls? Such analysis may reveal biological processes that are perturbed in DS.
In this study we measured gene expression in heart and cerebellum, two regions that are pathologically affected in DS. Total brain volume is consistently reduced in DS, with a disproportionately greater reduction in the cerebellum [21, 22] . Furthermore, a significant reduction in granule cell density in the DS cerebellum has been reported for both human and the Ts65Dn mouse model of DS [23] . Another prominent phenotype of DS is congenital heart defects. TS21 has the highest association with major heart abnormalities among all chromosomal defects, and 40% to 50% of TS21 children have heart defects [24, 25] . Of those children with heart abnormalities, 44% to 48% are specifically affected with atrial ventricular septal defects (AVSDs) [26] . Other commonly affected tissues in the DS heart include the valve regions, such as pulmonary and mitral valves [27, 28] . Barlow et al. [29] assessed congenital heart disease in DS patients with partial duplications of chromosome 21, and established a critical region of over 50 genes. The expression levels of these genes in fetal TS21 heart samples have not yet been assessed.
Our data showed consistent, statistically significant overall dosage-dependent expression of genes assigned to chromosome 21 . Analysis of these data identified genes with most consistent dysregulation of expression in different TS21 fetal tissue and cell types, most of which were independently confirmed by quantitative real-time PCR. We successfully classified tissue samples using expression data from chromosome 21 genes, but not with the data on non-chromosome 21 genes. Statistical analyses on our microarray data also indicated tissue-specific, regulated functional groups of genes, which may provide initial clues to perturbed biological pathways in TS21. Overall, the data support a model in which the aneuploid state increases the expression of chromosome 21 genes, with 
Results

Exploratory analyses of gene expression
We measured the expression levels of up to 18,462 transcripts, representing approximately 15,106 genes, using Affymetrix GeneChip ® human U133A microarrays. These transcripts corresponded to 20,261 probe sets, excluding 2,023 Affymetrix bacterial and housekeeping control probes and probes that do not map to any chromosomes. We performed principal components analysis (PCA) to explore the gene expression profiles from four regions (cerebrum, cerebellum, heart, and cerebrum-derived astrocyte cell lines) in human fetal samples diagnosed with TS21 and matched euploid controls (see Additional data file 1). PCA allows the visualization of highly dimensional data along principal component (PC) axes. These axes reflect the degree of variance in the data, allowing the identification of groups of data points having possible biological relevance. For example, two points corresponding to tissue samples that are close together in PCA space are likely to have highly similar overall gene expression profiles. Figure 1 shows the 25 tissue samples mapped from high-dimensional space to three dimensions for exploratory visualization. The first three PCs are displayed on the x-, y-, and z-axes, respectively. The percentage of total variance explained by each PC is displayed on the corresponding axis. This analysis was performed on 253 probe sets (chromosome 21) and 20,008 probe sets (non-chromosome 21) separately. Figure 1 shows that for chromosome 21 and non-chromosome 21 genes, the samples clustered primarily by tissue or cell type. Thus, the largest differences in overall gene expression between the samples exhibited by PCA are attributable to the different tissues or cells. For genes on chromosome 21, TS21 is distinguishable from euploid controls on the third PC, which accounts for 17.2% of the total variation in 253-dimensional data ( Figure 1b) . In contrast, PCA mapping of non-chromosome 21 genes (Figure 1c,d) showed no distinction between TS21 and euploid controls. Although only the first three PCs are displayed in Figure 1 , a difference between TS21 and euploid controls was not significant on any of the PCs (based on a t test performed on each PC; data not shown).
To further explore the relationships between samples based upon gene expression profiles, we performed hierarchical clustering using average linkage with Euclidean distance (Figure 2 ). Hierarchical clustering and PCA are 'unsupervised' methods, which do not consider the known sample attributes such as tissue type or disease state when organizing the data. We superimposed the sample information using color coding. Consistent with PCA, cluster analysis indicated that the samples clustered primarily by tissue source in both chromosome 21 genes and non-chromosome 21 genes. The clustering for the chromosome 21 genes showed a tendency to cluster by disease type within the tissue clusters (Figure 2a ), whereas no obvious clustering by disease type was evident in the primary clusters or sub-clusters of genes not on chromosome 21 ( Figure 2b ). Cluster analysis and PCA results are consistent with the hypothesis that TS21 samples are distinguishable from matched euploid samples based upon differences in the expression of genes assigned to chromosome 21. Additionally, these exploratory analyses revealed no substantial outliers or other anomalies in the data.
Statistical testing of gene expression
We used a mixed-model ANOVA to test the first three hypotheses stated in the introduction. The hypotheses tested included multiple tests on chromosomes or individual genes. Therefore, to protect against false discoveries due to multiple testing, we used the step-up 'false discovery rate' (FDR) [30] . We set the FDR at 0.05, meaning that the list of significant genes after applying FDR is expected to contain 5% false positives.
For the first hypothesis, we assessed whether genes assigned to each chromosome displayed overall differential gene expression. Only chromosome 21 showed significant mean overall differential expression between TS21 and euploid controls ( Figure 3) . Genes on chromosome 21 were expressed at 1.37 ± 0.02 fold (mean ± standard error), while the ratio of TS21/control across the other chromosomes was 1.00 ± 0.02 (ranging from 0.96 ± 0.03 to 1.02 ± 0.03). For this first PCA was used to visually assess the major sources of variation in the expression data Figure 1 (see previous page) PCA was used to visually assess the major sources of variation in the expression data. For each of the four panels, each data point represents a sample; there are 25 samples total. (a) PCA applied to chromosome 21 genes. The x-axis represents the first PC (accounting for 41% of the variance) and the yaxis represents the second PC (accounting for 21.2%). The graph is based on expression values for all 253 probe sets assigned to chromosome 21. This showed that the largest source of variability was due to tissue/cell type, accounting for 62.2% of the variance in the data. (b) PCA applied to chromosome 21 genes. The x-axis corresponds to the third PC, and the y-axis corresponds to the second PC. The third PC showed a separation of trisomic from euploid samples based on gene expression, accounting for 17.2% of the variance in the data. (c) PCA applied to non-chromosome 21 genes. The first two PCs (x-and y-axis) using expression values for genes assigned to all other chromosomes also showed that the largest source of variance was due to tissue (77.4% of total variance). These observations are similar to the results in panel a. (d) PCA applied to non-chromosome 21 genes. The x-and y-axis correspond to the third and second PCs, respectively. In contrast to the results of panel b, the third PC failed to show separation of trisomic from euploid samples (6.9% of total variance). The ellipsoids represent three standard deviations beyond the centroid of each tissue group. Data points correspond to samples (red, Down syndrome; blue, euploid) within a group (cerebrum, diamond symbols on data points, and green ellipsoid; cerebellum, square symbols on data points and blue ellipsoid; astrocyte, triangle symbols on data points and red ellipsoid; heart, hexagon symbols on data points and orange ellipsoid).
hypothesis, 23 chromosomes were tested (chromosomes X and Y were combined), so the FDR is based on n = 23 tests. (Figure 4b ), the expected number of genes having a p value less than 0.05 by chance was 1000.4 (20,008 × 0.05), whereas the observed number of genes having p < 0.05 was 1,419. Although there was some tendency for the p values to be smaller than expected by chance, these two histograms provide a visual display of the extent to which the expression of many chromosome 21 genes are significantly different between TS21 and controls, whereas few genes assigned to other chromosomes were significantly regulated.
We asked whether there were regional differences among the significantly regulated genes. For those genes assigned to chromosome 21 (Table 1) , the mean ratio of TS21/euploid mRNA level was 1.58 ± 0.05 (mean ± standard error) in the fetal brain tissues and astrocyte cell lines derived from the frontal cortex. Similarly, the TS21/euploid expression ratio in fetal heart was 1.60 ± 0.09 (with the exception of TMEM1, for which the TS21/euploid ratio was 9.58). These results are consistent for a gene expression dosage effect caused by trisomy. However, for significantly regulated genes that were not assigned to chromosome 21 (Table 2) , a large percent were abundantly expressed and significantly different between TS21 and euploid samples only in the heart, but not
Dendrograms from hierarchical clustering Figure 2 Dendrograms from hierarchical clustering. Dendrograms were based on (a) chromosome 21 genes and (b) non-chromosome 21 genes in the 25 samples, using Euclidean distance and average linkage. Branch lengths represent dissimilarity. Samples were of two types (TS21, red; euploid, dark blue) and four sources (astrocyte, green; cerebellum, light blue; cerebrum, gray; heart, brown). in the brain. These genes included myomesin 1, myoglobin, calsequestrin 2, cardiac troponin I and T2, and alpha 1 actin.
Classification of TS21 and euploid samples
To more completely assess differential gene expression, we investigated the ability to classify tissue samples as TS21 or euploid controls using genes on chromosome 21 and genes on chromosomes other than 21. The accuracy estimate for classification using chromosome 21 genes was 99.91% correct, whereas the estimate for classification using non-chromosome 21 genes was only 48.63% correct. Tables 3 and 4 show the classification results for the nested cross-validation using chromosome 21 genes and those using non-chromosome 21 genes (see Materials and methods and Additional data file 3). As expected, we were able to classify the tissue samples with very high accuracy using chromosome 21 genes ( Table 3) . The classification accuracy when using non-chromosome 21 genes was, however, approximately equal to the accuracy expected by chance (Table 4) .
Functional group analysis
Based upon Gene Ontology (GO) annotations [31] [32] [33] , each of the probe sets represented on the Affymetrix GeneChip ® human U133A microarray, having a signal intensity above a background cutoff level, was either assigned to a GO functional group, or else defined as a member of a set excluding that functional group ('non-group members') (see Materials and methods). We asked whether our microarray data might indicate any particular functional groups of genes that were dysregulated in the TS21 samples compared to euploid controls. To address this question, we first performed permutation tests to establish the presence of a signal in the data. Due to the acyclic tree structure of the GO database, with multilevel interconnecting nodes, it is unclear which further permutation test might be performed to optimally define regulated groups. We therefore next applied a t test (or Wilcoxon's rank test for groups with only one or two members) to the gene expression data for two groups of probe sets: each given functional group, and the non-group members. This process was then repeated for all the functional groups. We found 1,141 functional groups for the cerebrum, 1,179 functional groups for the cerebellum, 1,126 functional groups for the astrocyte cell lines, and 1,180 functional groups for the heart.
The first 15 functional groups with the smallest p values for each tissue/cell type are listed in Tables 5, 6 , 7, 8. In particular, the mitochondrion group (n = 417 probe sets) in the fetal cerebrum and heart tissues had the smallest p values from our functional group statistical analyses (Tables 5 and 8 ). Several other groups related to metabolic pathways, such as oxidoreductase activity (n = 299, in the cerebrum), NADH dehydrogenase activity (n = 31, in the cerebrum and heart), and mitochondrial inner membrane (n = 74, in the heart) were also among the most statistically significantly regulated functional groups (Tables 5 and 8 ).
To establish that there is signal in the data, we also performed permutation tests. For each functional group, a two sample t test was carried out, testing for a difference in expression for genes associated with this functional group compared to all other observed gene expression levels. If there were no signal in the data, a random assignment of the expression levels (obtained for example by randomly shuffling the observed expression levels) would yield comparable results. However, the distribution of p values obtained from 100 permutation tests (indicated by 100 black lines in the plots) are vastly different from those observed in the original data, indicating that the assumption of no signal in the data was wrong (Additional data files 4 and 5).
For GO functional groups having only one or two genes we applied a Wilcoxon rank test. In each tissue the lowest p value ranged from 0.0006 to 0.0726 for the top 20 GO functional groups having only one member, and 0.0001 to 0.1394 for groups having only two members. After correction for multiple comparisons, none of these values is significant (Additional data file 6), suggesting that none of the GO groups comprising one or two members was significantly regulated in TS21 samples from any tissue.
Confirmation of microarray results
To confirm the altered expression levels of genes detected by microarrays, we performed over 5,600 quantitative real-time PCRs of cDNA derived from total RNA of the fetal samples.
We selected a total of 28 genes from those that had shown the most consistent regulation by ANOVA (Tables 1 and 2 ), including 18 chromosome 21 genes and 10 non-chromosome 21 genes, based upon their abundance, fold regulation, and p values. We measured their mRNA levels by quantitative realtime PCR in four tissue/cell types, and compared these levels between TS21 and euploid samples. The hypoxanthine phosphoribosyltransferase (HPRT) housekeeping gene was used as a control gene for normalization between samples. Melting curves and gel electrophoresis of PCR products confirmed the identity of the amplification products (data not shown). The directions of dysregulation and fold changes from real-time PCR results were generally consistent with our microarray findings (Tables 9 and 10 ). Most genes showed increased transcript levels by both microarray and real-time PCR. Two non-chromosome 21 genes, RRAD and ADAMTS8, were down-regulated in the fetal TS21 heart consistently in microarray and PCR experiments. An example of the results from one real-time PCR experiment for the ZNF 294 gene is shown in Additional data file 7.
All microarray data have been submitted to Gene Expression Omnibus (series accession number GSE1397).
Discussion
The mechanisms by which an extra copy of chromosome 21 produces the phenotype of DS are complex. Epstein and others have postulated that a triplicated chromosome 21 causes a 50% increase in the expression of trisomic genes as a primary dosage effect [5, 34] . This primary effect has been observed in several recent studies. We previously measured the expression levels of approximately 15,000 genes in human fetal cerebrum samples, and in astrocytes derived from cerebrum [16] . We observed that RNA transcripts derived from chromosome 21 genes display a dosage-dependent increase in expression. Other groups have reported similar findings in pooled amniotic fluid cells [8] and in whole blood containing multiple cell types [10] . A primary gene dosage effect has also been observed in several mouse models of DS. Ts65Dn [35] and Ts1Cje [36] mice display learning defects and have segmental trisomy of mouse chromosome 16, spanning regions that encode orthologs of about one third to one half of the human chromosome 21 genes. A dosagedependent increase in the expression of trisomic genes was reported for Ts1Cje [11, 12] and Ts65Dn [13, 14] mice relative to euploid controls.
In addition to primary gene dosage effects, secondary (downstream) effects on disomic genes are likely to have a major role in aneuploidies in general and DS in particular [5, 17, 37, 38] . However, the nature and extent of such effects in TS21 is controversial [18] . According to one model, trans-acting factors (such as transcription factors) may cause some gene expression changes on chromosomes other than 21, but without a pervasive effect on the transcriptome. Several recent studies support this model. Lyle and colleagues performed quantitative real-time PCR measurements from various tissues of the Ts65Dn mouse, and found changes in the transcript levels of most trisomic genes but zero of 20 disomic genes tested [14] . Similar results were obtained in studies of Ts1Cje mouse brain [11] and cerebellum [12] , and in a group of nine tissues in the Ts65Dn mouse [13] . The average expression values are for the probe sets corresponding to the genes (from MAS5 software). TS21, trisomy 21.
According to a second model, trans-acting factors on chromosome 21 cause a profound disruption of the entire transcriptome. In human cells, FitzPatrick and colleagues [8] reported that genes assigned to chromosome 21 displayed increased transcript levels, but 19 of the 20 most dramatically dysregulated genes did not map to chromosome 21. These results are interpreted as evidence for a mild disomic gene dysregulation [18] . (That study [8] was based on a single initial microarray hybridization. Expression ratios could be measured, but not p values to assess the likelihood that those changes occurred by chance.) Tang et al. [10] , studying blood cells from DS versus control cases, reported that 11 of 56 chromosome 21 genes were expressed at increased levels, but across all chromosomes, 191 genes were up-regulated and 433 genes were down-regulated. In the Ts65Dn mouse, Saran et al. [15] measured transcript levels in trisomic and euploid cerebellum, and reported a global destabilization of gene expression, including 922 probes that were significantly, dif- The classifier space evaluated was the same as the one used in the chromosome 21 test (Table 3) . The Gene Ontology (GO) database was used to assign a probe set to a functional group. There were 736 functional groups tested for the cerebrum tissue. The first 12 functional groups with the smallest p values are listed here. The mean of log ratios between trisomy 21 and euploid controls for each functional group was compared to that for the group of remaining probe sets not assigned to that functional group ('non-group members'). After one type of multiple test comparison correction, the cut-off level for statistical significance was 6.79E-05 (assigned by dividing 0.05 by the number of functional groups, 736).
ferentially expressed. Even after excluding the 1,532 most regulated probes, they were still able to discriminate trisomic from euploid samples by clustering the remaining gene expression values. This suggests that the expression levels of many thousands of genes are perturbed.
This second model has been supported by other highthroughput approaches. Chrast et al. [39] , using serial analysis of gene expression, reported 330 tag differences between Ts65Dn and normal mouse brains, about half of which were significantly over-represented. Only three of the 15 genes for which tags were found from the triplicated region of mouse chromosome 16 were overexpressed, so the majority of dysregulated genes were disomic. In another study, results of differential display PCR analysis on neuronal precursor cells derived from the cerebral cortex of a human TS21 fetus showed that SCG10 and other genes regulated by the REST transcription factor (on chromosome 4) were selectively repressed [40] . We did not observe changes in REST-dependent genes as listed in that study (data not shown).
The present study was motivated in part by an attempt to test these models in human tissues, and in particular in tissues that are pathologically affected in DS (cerebellum and heart). Our results support the first model. We measured the expression of thousands of transcripts in cerebellum, cerebrum, and heart, and combined our analyses with those of a previous study of cerebrum and astrocytes [16] . We observed a primary gene dosage effect using both the descriptive statistics approaches of PCA ( Figure 1b ) and hierarchical clustering (Figure 2a ) and the inferential statistics approach of ANOVA ( Figures 3 and 4a and Table 1 ). Using these various approaches, we were unable to distinguish trisomic from euploid samples based on the expression levels of genes assigned to chromosomes other than 21 (Figures 1d, 2b, 3 and 4b). Furthermore, classification using nested cross-validation distinguished trisomic from euploid samples based on There were 764 functional groups tested. The first 12 functional groups with the smallest p values are listed here. The mean of log ratios between TS21 and euploid controls for each functional group was compared to that for the group of remaining probe sets not assigned to that functional group ("non-group members"). After one type of multiple test comparison correction, the cutoff level for statistical significance was 6.54E-05 (assigned by dividing 0.05 by the number of functional groups, 764).
chromosome 21 gene expression with extremely high accuracy, but using non-chromosome 21 genes the accuracy was approximately that expected by chance (Tables 3 and 4) . As an approach complementary to microarrays, we carried out a systematic study of transcript levels for 28 individual genes by quantitative real-time PCR. These real-time PCR data confirmed our microarrays findings, and they also represent another independent quantitative measurement of RNA transcript levels in the fetal TS21 brain and heart relative to euploid controls.
The two models do not fully reflect the complexity of the trisomic condition; other factors include dosage compensation, the continuum of secondary effects, and tissue specificity. Dosage compensation is a process by which expression levels of sex chromosome-linked genes are rendered equal in males and females of various eukaryotic species [41, 42] . Mechanisms include chromosome inactivation, and hypo-as well as hypertranscription of target genes. Dosage compensation for autosomes has been reported for aneuploid conditions in maize and Drosophila, organisms for which trisomy is less deleterious than in humans [37, 38, 43, 44] . Dosage compensation also likely occurs in DS, such that some trisomic chromosome 21 genes are not expressed at elevated levels [5] .
In each of the four tissue/cell types we studied, approximately one third of all chromosome 21 genes was expressed, and of these, only a subset of transcripts was expressed at higher levels relative to euploid controls ( Figure 4a and Table 1 ). Our study included a sufficient sample size to perform ANOVA, as well as quantitative real-time PCR (Table 9) , and thus we defined several dozen specific chromosome 21 genes that are dysregulated. Those chromosome 21 genes that were expressed but not regulated may have been subject to dosage compensation. A variety of other human studies, including our previous work [16] , lacked sufficient samples and/or microarray replicates to define significantly regulated genes based on a t test or ANOVA with a correction for multiple comparisons [8, 9, 19, 20] . There were 734 functional groups tested. The first 12 functional groups with the smallest p values are listed here. The mean of log ratios between trisomy 21 and euploid controls for each functional group was compared to that for the group of remaining probe sets not assigned to that functional group ('non-group members'). After one type of multiple test comparison correction, the cut-off level for statistical significance was 6.81E-05 (assigned by dividing 0.05 by the number of functional groups, 734).
The secondary effects of TS21 may include either limited or extensive changes to non-chromosome 21 genes, but these alternatives represent extremes of a continuum. Most autosomal aneuploidies are not compatible with life, and each of the most common syndromes (trisomies 13, 18, and 21) likely causes distinct secondary effects based on the particular transcription factors, modifiers of chromatin, or other gene products at dosage imbalance. We identified the significant regulation of at least one transcription factor (ZNF294; Table  1 ). The varying results for secondary transcriptional effects reported for human TS21 versus mouse Ts65Dn and Ts1Cje models could, to some extent, reflect differences in the particular transcriptional regulators that are present at dosage imbalance in each system, as well as other factors such as differences in dosage compensation. Another variable is the particular developmental stage being studied, which could have a dramatic effect on both primary and secondary transcriptional effects of trisomy.
The tissue specificity of gene expression in the aneuploid state represents an additional level of complexity. For the four tissue and cell types we studied, RNA transcripts from chromosome 21 genes were significantly elevated. However, both of the ANOVA results (Table 2 ) and real-time PCR assays (Table  10) indicated that there were tissue-specific changes in transcript levels for individual genes on other chromosomes. These include those genes predominantly expressed in the heart but not in the brain, even though the primary genetic insults in all these different tissue or cell types were all an extra copy of chromosome 21. Our analyses on groups of genes that are functionally related also suggested similar region-specific differences in transcription across multiple tissue and cell types (Tables 5, 6 , 7, 8) . This tissue specificity was also noted in recent mouse models of DS [13, 14] . Our study has further significance because we have identified significantly regulated transcripts in affected human tissues. Thus, while template availability results in increased production of RNA transcripts, factors that regulate tissue-specific gene expression have a major role in controlling which specific transcripts are expressed at dosage imbalance. There were 769 functional groups tested. The first 12 functional groups with the smallest p values are listed here. The mean of log ratios between trisomy 21 and euploid controls for each functional group was compared to that for the group of remaining probe sets not assigned to that functional group ('non-group members'). After one type of multiple test comparison correction, the cut-off level for statistical significance was 6.50E-05 (assigned by dividing 0.05 by the number of functional groups, 769).
Among the significantly regulated genes from ANOVA (Tables 1 and 2 ), several encode proteins that have roles in mitochondrial function: ATP5O and ATP5J (two genes encoding subunits of ATP synthase), and mitochondrial ribosomal protein L39 (MRPL39). Their expression levels were increased based on our microarray experiments (Table  1) and subsequent real-time PCR (Table 9) . Additionally, various mitochondrion-related functional groups were significantly regulated (see Results and Tables 5 and 8 ). Abnormal regulation of these transcripts and functional groups could contribute to the impaired mitochondrial function that has been observed in DS [45] .
The type VI collagen genes on chromosome 21 have been thought to be involved in the congenital heart defect phenotype in DS [46, 47] . Consistent with this finding, our microarray study indicated that the type VI collagen alpha 1 gene (COL6A1) was one of the most regulated genes (Table 1) . Furthermore, six of the non-chromosome 21 genes are associated with cardiac muscle, such as myomesin, myoglobin, and calsequestrin 2 ( Table 2) . They are all up-regulated (1.34 to 4.17-fold increase) in TS21 fetal heart tissues that consisted of primarily the pulmonary, tricuspid, aortic and mitral valves, ventricular septum, atrial septum, atrioventricular valve, and some surrounding tissues, which are regions in the heart most commonly affected in DS. Among all AVSD cases, 43% are associated with DS [26] . In particular, the ventricular inlet septum has been reported to be underdeveloped at all stages between 5 and 16 gestational weeks, among other developmental abnormalities [48] . We postulate that the upregulation of genes related to cardiac muscle may be a compensatory response for developmental defects due to tri- Table 9 Quantitative real-time PCR results for selected chromosome 21 genes in Table 1 Gene Data were normalized to the HPRT housekeeping gene. P values were derived from ANOVA of microarray data. Values for microarray data are foldregulation. For each quantitative PCR (qPCR) experiment, values were determined by measuring samples in duplicate at multiple concentrations (mean ± standard error). Each experiment was performed independently at least three times.
somy in the DS hearts. For example, in complete AVSD, deficiency of the atrial septum, ventricular septum, and atrioventricular valve result in abnormal communication between the four cardiac chambers, allowing oxygen-rich blood to regurgitate or leak backwards from the left ventricle into the left or right atrium, and back to the lungs again. This causes more work for the heart. With AVSDs, the heart can hypertrophy, as we observed in the TS21 fetal hearts (data not shown). It is possible that the TS21 heart up-regulates muscle-related genes as a secondary effect of the triplication of the entire chromosome 21 or of individual genes. Of 79 genes defined by Barlow et al. [29] as forming a critical region on chromosome 21 for congenital heart disease, seven had increased expression in our study (SH3BGR, CSTB, PFKL, PDXK, TMEM1, C21orf33, WRB) ( Tables 1 and 9 ). Although during our dissection we discarded the surrounding muscle tissue wherever it was possible, we cannot eliminate the possibility that our dissection of fetal heart tissue containing predominantly valve and canal regions might have included more muscle tissue in the TS21 cases than in the controls.
Conclusion
In the present study we report dosage-dependent transcription in human fetal tissues that are pathologically affected in DS. We also identified individual differentially expressed genes based on criteria of statistical significance. For 28 of these genes, we confirmed the regulation by quantitative realtime PCR. The data indicate a primary gene dosage effect in which, in each tissue tested, a group of genes assigned to chromosome 21 were expressed at higher levels relative to euploid controls. Furthermore, while we observed changes in some transcripts derived from non-chromosome 21 genes, our data do not support a model in which there is large-scale disruption of the transcriptome.
Our data indicated that there were tissue-and cell-specific changes of gene expression in TS21 during fetal development. The functional groups indicated by statistical analyses on our microarray data provided initial indications of possible biological pathways affected by TS21. However, the relationship between levels of RNA and the corresponding protein products is at present unknown. As a next step to understand how the changes at the transcript levels lead to DS phenotypes, it is important to analyze the translational machinery by characterization of TS21 protein profiles.
Materials and methods
Microarray sample dissection and RNA isolation
All human tissues were obtained from the Brain and Tissue Bank for Developmental Disorders at the University of Maryland with informed consent using Institutional Review Board-approved protocols. Diagnoses, gender, race, and other information is provided in Additional data file 1. Three TS21 and three age-and gender-matched control cerebella were dissected from frozen fetal brains. For the two TS21 and two matched control frozen fetal heart tissues, the regions that contain primarily the pulmonary, tricuspid, aortic and mitral valves, ventricular septum, atrial septum, atrioventricular valve, and some surrounding tissues were dissected. Wherever possible, the peripheral heart muscle tissue was removed to minimize the amount of RNA from muscle tissue. Total RNA was extracted from frozen tissues using RNeasy ® Midi Kit (Qiagen, Valencia, CA, USA) according to the manufacturer's instructions. The quantity and purity of RNA were confirmed by spectrophotometry and agarose gel electrophoresis.
Gene expression data acquisition and pre-processing
Gene expression data were obtained using Affymetrix U133A GeneChip ® with standard protocols [49] at the Johns Hopkins Microarray Core Facility. Raw data from U133A GeneChips were processed using both Affymetrix Microarray Suite version 5.0 (MAS5) software and robust multi-chip analysis (RMA) normalization (R version 1.7.1) from BioConductor [50] . The results using either MAS5 (described below) or RMA (data not shown) were very similar, and we did not have a compelling reason to favor one method over the other for this study. In Affymetrix MAS5, signal is calculated using the One-Step Tukey's Biweight Estimate which yields a robust weighted mean. The U133A GeneChip contains a total of 22,284 probes. We removed 2,023 Affymetrix bacterial and housekeeping control probes and probes that do not map to a known chromosomal location. This resulted in 20,261 probes. The data were further subdivided into probes that code for genes assigned to chromosome 21 (n = 253) and probes that code for genes assigned to all other chromosomes (n = 20,008) or for each chromosome (Additional data file 2). The Present/Absent description of probes by MAS5 software was not used in our analyses. Data from astrocytes and cerebrum were previously published [16] and were reanalyzed in this study.
Expression data analysis: exploratory analyses
Exploratory analyses using PCA [51] and hierarchical clustering were performed using Partek ® software [52] . All probes (n = 253 from chromosome 21 and n = 20,008 from other chromosomes) were used for these analyses. For PCA, we used the covariance dispersion matrix option. The ellipses were drawn at three standard deviations around the centroid of the samples for each of the four tissues ( Figure 1 ). Hierarchical clustering was performed on the 25 tissue samples based on chromosome 21 genes and again based on non-chromosome 21 genes. In each case the Euclidean distance was used, although similar results were achieved using other measures of dissimilarity. Cluster merging was performed using average linkage. The horizontal axes of the dendrograms ( Figure  2 ) correspond to dissimilarity.
A mixed-model ANOVA was used to detect differential expression at individual gene level and at the chromosome level. The ANOVA model was chosen to partition subject-tosubject, tissue, and disease type variability from variability due to biological and experimental noise. ANOVA was performed using Partek ® software [52] . The following linear mixed model (equation 1) was used to detect differential expression on a gene-by-gene basis:
where y ijk is the expression of the gene for ith disease type, jth tissue, and kth subject. The symbols D, T, DT, and S(D) represent effects due to disease, tissue, disease-by-tissue interaction, and subject-nested-within-disease, respectively.
The error for each gene for sample ijk is designated as ε ijk . Tissue and disease are fixed effects and subject is a random effect in the mixed model. The average R 2 value for genes assigned to chromosome 21 was 0.760 and for all genes assigned to other chromosomes was 0.757. This indicates that approximately 76% of the variance in the data was explained by the ANOVA model of equation 1.
To test chromosomes for differential expression, for each of the 25 tissue samples we first averaged all genes from a particular chromosome. For example, a total of 253 expression values (corresponding to 253 probe sets) assigned to chromosome 21 were averaged. This resulted in 23 values for each tissue sample, with each value representing the average expression of all genes on each chromosome for that tissue sample (chromosome X and Y were combined). The linear model of equation 1 was used to test for differential expression between TS21 and euploid controls to test our hypothesis that some chromosomes may show overall differential expression between TS21 and control groups. In each case, the Benjamini-Hochberg step-up FDR [30] was applied to determine the list of genes deemed to be statistically significant.
Expression data analysis: class prediction
We investigated the ability to classify tissue samples as TS21 or euploid controls based on the expression of genes assigned to chromosome 21, or to other genes. We used Partek ® software for these analyses. Detailed methods are available in Additional data file 3 [53] . Briefly, our classification tests employed a nested leave-one-subject-out cross-validation step that was carried out in three parts: gene selection, selection of an optimal classifier, and estimation of classification accuracy. For gene selection (variable selection) we used ANOVA, and varied the number of predictor genes. For selection of an optimal classifier, the methods that we employed were K-Nearest Neighbor [54] , Nearest 'Shrunken' Centroid [55] , and Discriminant Analysis. For estimation of the classification accuracy, nested cross-validation was performed (see Additional data file 3). The nested cross-validation is per- Table 10 Quantitative real-time PCR results for selected non-chromosome 21 genes in Table 2 Gene formed using an 'outer' cross-validation that was used to obtain accuracy estimates, and a nested, 'inner' cross-validation that was used to select genes and tune classifier parameters.
Expression data analysis: functional group testing
Most of the probe sets on the Affymetrix GeneChip ® human U133A microarray can be assigned to one or more functional groups with a unique ID number based upon GO annotations [31] [32] [33] . GO IDs are organized in a tree-like structure via parent-child relationships. The top level has only one group: 'Gene_Ontology', which is then sub-divided into three groups at the second level, including biological_process, cellular_component, and molecular_function. To assess the statistical significance of gene expression differences in distinct functional groups, we implemented a novel t test procedure that we named a 5T analysis (tree-travel, transform, t test). This algorithm differs from web-based tools such as GoMiner [56] , FatiGO [57] , GO:TermFinder [58] , or GOTree Machine [59] , which define genes as either regulated or not, and employ a Fisher's exact test or hypergeometric distribution analysis. Under the usual assumptions, namely independence and normality of the error, a t test offers more power than a test with a dichotomized outcome. Our algorithm also differs from methods such as MAPPFinder [60] that assess the significance of a user-defined, predetermined set of genes of interest.
A detailed description of the 5T method is presented in Additional data file 3 [53] . Briefly, the first step is tree-travel: for each probe set, we parsed its GO annotations, and generated a list of functional groups located in the top six levels of GO tree structure. In the transform step, we generated a list of probe sets assigned to a functional group and a list of probe sets not assigned to this functional group ('non-group members'). In the t test step, for each functional group with three or more members in a tissue/cell type, we performed a t test on this group and non-group members using log ratio gene expression values. The process was repeated for all the functional groups. We then sorted all the functional groups in a tissue/cell type based on their p values from the t tests. To avoid discarding potentially useful information, we also performed Wilcoxon's rank test to assess the statistical significance of differentially regulated functional groups having only one or two members.
We also applied an alternative statistical test to the data based upon a permutation principle. We started with a list of probe sets assigned to a particular functional group. We then randomly selected an equal number of probe sets from all probe sets on the microarray and calculated the mean log ratio values. This random selection was repeated 100 times. The average of the mean log ratio values was calculated, and compared to the mean log ratio value of that particular functional group. The permutation test was performed on all functional groups.
Quantitative real-time PCR
Total RNA was isolated from frozen tissues or astrocytes using RNeasy ® Midi Kit (Qiagen) and followed by cDNA synthesis using Invitrogen SuperScript™ 
Additional data files
The following additional data are included with the online version of this article. 
